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Abstract—This project presents a weather-driven power
generation prediction system utilizing two machine
learning models: a Random Forest (RF) and a Recurrent
Neural Network (RNN). The system aims to forecast the
energy output of a power generation system based on
real-time weather data, including wind speed,
temperature, humidity, and pressure. By leveraging data
from the OpenWeather API, the system processes and
scales the weather parameters, which are then input into
the models for accurate predictions. The Random Forest
model, known for its robustness and ability to handle
complex datasets, provides an interpretable prediction of
power output. On the other hand, the RNN, which is
particularly effective for sequential data, learns the
temporal dependencies in weather patterns, improving
the forecasting accuracy for time series data. Both
models were trained on historical weather and power
generation data, achieving high accuracy in predicting
future power production. The system enables real-time
power generation predictions, making it an invaluable
tool for optimizing energy production strategies. The use
of weather data for forecasting ensures more efficient
resource planning, leading to enhanced energy
management in power generation systems. This
integration of machine learning with weather data
presents a scalable solution for future energy systems,
providing a foundation for the development of predictive
models in various energy sectors.

Index Terms—Random Forest, Recurrent Neural
Network, OpenWeather API

I. INTRODUCTION

This project focuses on developing a machine
learning-based energy forecasting system using RNN
(Recurrent Neural Network) and Random Forest
models. The goal is to predict energy consumption
based on historical data, enabling efficient energy
management. The system integrates multiple data
sources, processes them through the selected models,
and generates accurate forecasts. The application aims
to support industries and businesses in optimizing
energy usage, reducing costs, and improving
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sustainability. By leveraging advanced machine
learning techniques, this project provides a scalable
solution for future energy management. The models
used are fine-tuned to ensure high accuracy and real-
world applicability. This system goes beyond
conventional approaches by integrating diverse data
sources, such as historical energy usage, weather
conditions, and operational parameters. By creating a
comprehensive view of the factors influencing energy
consumption, it ensures more accurate and actionable
forecasts. The combination of RNNs and Random
Forest models allows the system to effectively capture
time-dependent patterns and nonlinear relationships,
making it highly adaptable to real-world scenarios.
The project addresses various challenges associated
with energy forecasting, including the dynamic nature
of energy demand and the variability introduced by
external factors like weather. By processing large
datasets through advanced machine learning pipelines,
this system ensures scalability and real-time
applicability, making it suitable for industries, utility
providers, and commercial applications.

In addition to aiding in cost reduction and efficient
resource allocation, this energy forecasting system
supports sustainability initiatives by optimizing energy
consumption and facilitating the integration of
renewable energy sources. By leveraging the strengths
of modern machine learning techniques, this project
offers a forward-looking approach to energy
management, setting a benchmark for scalable and
intelligent energy forecasting solutions.

Il. LITERATURE SURVEY

A. Paper Title: Short-Term Wind Energy Forecasting.
Authors Noman Shabbir, Lauri Kitt, Muhammad
Jawad. Year of Publication: 2021

Description: This study focuses on short-term wind
energy forecasting in Estonia using historical wind
energy generation data. It evaluates the performance
of various machine learning (ML) and deep learning
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(DL) models, including Support Vector Machine
(SVM), Non-linear Autoregressive Neural Networks
(NAR), and Recurrent Neural Network-Long-Term
Short- Term Memory (RNN-LSTM). Results show
that RNN-LSTM is 32% more efficient than Estonia's
TSO forecasting algorithm, making it the most
suitable and computationally effective model for wind
energy forecasting in the region.

Methodology: develop accurate forecasting models for
wind energy generation using real-time data from
Estonia. It focuses on improving prediction accuracy
with machine learning (ML) and deep learning (DL)
algorithms while comparing their performance to
identify the most effective approaches for integrating
wind energy into power grids.

Limitations: Most machine learning (ML) algorithms,
like linear regression, AR, ARIMA, and tree-based
regression, struggle with nonlinear wind power data,
leading to poor forecasting accuracy due to inadequate
curve fitting.

B. Paper Title: Forecasting Of wind Turbine
OutputPower Using Machine Learning. Authors:
Haroon Rashid, Wagar Haider,Canras Batunlu. Year
of Publication: 2019

Description: This paper presents a method for
predicting wind turbine output power using the random
forest regressor algorithm with SCADA data from a
French wind farm. The model, trained on 2017 data,
uses wind direction, wind speed, and outdoor
temperature as inputs. Tested at two capacity factors,
it achieved mean absolute errors of 3.6% and 7.3%.
The proposed model offers an efficient and accurate
approach for wind power prediction.

Methodology: The objective of this research is to
enhance the prediction of wind turbine output power
using machine learning techniques. By leveraging
historical data, the study aims to improve forecasting
accuracy, addressing the challenges posed by wind
speed intermittency and its impact on energy system
reliability. Additionally, it seeks to evaluate the
effectiveness of various machine learning models in
this application, contributing to the limited existing
knowledge in the field.

Limitations The primary demerit of the wind power
prediction model isits reliance on external factors, such
as wind speed and temperature, which can be highly
variable and uncertain. This unpredictability limits the
model's ability to consistently deliver accurate
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forecasts, particularly in fluctuating weather
conditions. Additionally, the model may require
extensive historical data for training, which can be a
barrier in regions with limited datasets. Lastly, the
complexity of the random forest regressor may lead to
longer processing times compared to simpler
forecasting methods.

C. Paper Title: Energy Prediction of Wind Turbine
Using loT.Authors: Chatterjee, A., Sharma, M., &
Kumar, R. Year of Publication: 2023

Description: The paper proposes an loT-based system
for predicting energy production from wind turbines.
It uses NodeMCU, LCD display, and various sensors
like accelerometer, temperature, humidity, and rain
detection sensors. Data is transmitted to a central
server, where machine learning algorithms predict
the turbine’s energy output.

The integration of an LCD display adds a user-friendly
interface for on-site monitoring, allowing technicians
to view real-time data and predictions directly. The
loT framework ensures continuous data flow,
scalability, and remote accessibility, making it a
practical solution for modern wind energy systems.
The system demonstrates significant potential for
optimizing wind energy production by combining loT
technologies with advanced data analytics, paving the
way for smarter and more sustainable renewable
energy practices.

mobile app provides real-time monitoring and
optimization suggestions. The system aims to enhance
wind turbine efficiency and promote renewable energy
Methodology: To develop an loT-based system that
predicts wind turbine energy production using various
sensors and machine learning algorithms.

To offer real-time monitoring and optimization of
turbine performance through a mobile application.
Limitations: Despite promising results, the research
is limited by arelatively small dataset size and a lack of
external validation on diverse datasets. High
Computational Cost: Training neural networks,
especially with backpropagation, is resource-intensive
and may require considerable computational power
and time.

D. Paper Title: Wind Power Prediction Using
Ensemble Learning-Based Models. Authors: Li, X.,
Li, Q., & Wang, Year of Publication: 2020

Description: The study explores predicting wind
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power production using ensemble learning-based
models. The models combine multiple learners, such
as Boosted Trees, Random Forest, and Generalized
Random Forest, to improve prediction accuracy and
reduce errors. The methods are tested using wind
turbine data from France and Turkey, with
experimental results showing that ensemble methods
outperform traditional models like Gaussian process
regression and Support Vector Regression
Methodology: The ensemble learning models
demonstrated superior performance in wind power
prediction compared to standalone models. The
inclusion of lagged data significantly improved
prediction accuracy

Limitations: Despite promising results, the research
is limited by a relatively small dataset size and a lack of
external validation on diverse datasets. Key insights
reveal that ANN’s superior accuracy makes it highly
effective for CKD prediction, while data preprocessing
and feature scaling significantly enhance model
performance. The study suggests developing real-
world applications for CKD prediction as future work.
The study lays a strong foundation for future work by
recommending the development of real-world
applications for CKD prediction. Such applications
could integrate ANN-based predictive models into
clinical decision-making systems, enabling early
diagnosis and personalized treatment plans. Future
research should also focus on addressing the
limitations by leveraging larger, more diverse datasets
and conducting external validations to enhance model
generalizability. Moreover, incorporating
interpretability techniques to explain ANN predictions
could further support clinicians in understanding and
trusting the model's outcomes. These advancements
would significantly contribute to the practical
deployment of predictive models.

I11. PROPOSED METHODS

The methodology for this project involves multiple
stages, including data collection, preprocessing, model
development, and deployment. The approach taken
ensures a reliable and accurate prediction system for
energy output based on weather data. Below is a
breakdown of the methodology:

A. Data Collection:

Weather Data: Weather data is collected from reliable
sources such as government weather stations and
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APIs. This data includes key variables like wind speed,
temperature, humidity, and atmospheric pressure,
which are critical for wind turbine performance and
energy production.

Energy Data: Historical energy output data from wind
turbines is obtained. This data is used to train and
evaluate the machine learning models. Data is sourced
for multiple locations to account for varying weather
conditions, providing a diverse set of examples for
training.

Data Preprocessing: Data Cleaning: Raw data from
weather stations and wind turbines is cleaned to
remove inconsistencies such as missing values,
outliers, and erroneous entries.

Feature Engineering: Relevant features (e.g., wind
speed, temperature) are extracted, and new variables
may be created (e.g., wind power index).
Normalization: The data is scaled using Min-Max
Scaling or Z- score normalization to ensure that the
features are within a similar range, improving model
performance.

B. Model Development:

RNN Model: A Recurrent Neural Network (RNN) is
used to model the temporal dependencies in weather
data and predict the energy output of wind turbines.
The RNN model is suitable for time-series forecasting
due to its ability to retain information from previous
time steps.

Random Forest Model: A Random Forest Regressor
is also used as an alternative model for predicting
energy output. It is based on decision trees and
aggregates their predictions, making it robust to
overfitting and noise in the data. Both models are
trained using historical weather data as the input and
energy production data as the target.

C. Model Evaluation:

Metrics: The performance of the models is evaluated
using standard regression metrics, such as Mean
Absolute Error (MAE), Mean Squared Error (MSE),
and R-squared (R?). These metrics measure the
accuracy of the predictions made by the models.
Cross-Validation: Cross-validation is used to ensure
that the models generalize well to unseen data and are
not overfitting to the training data.

D. Deployment:
Mobile Application Development: A  mobile
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application is developed using React Native for the
front-end and integrated with the machine learning
models on the back-end. The application provides an
interface where users can input weather data and get
predictions for the energy output of wind turbines.
Model Integration: The trained models (RNN and
Random Forest) are integrated into the web
application, providing real-time predictions based on
input weather conditions. User Interface: The web app
features a clean, user-friendly interface for users to
easily interact with the system, input weather data, and
view the predictions.
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Fig. 1. Dataflow diagram

E. System Design Architecture

Frontend: User-friendly interface using frameworks
like React Native.

Backend: Robust API using Flask/Django to manage
queries Model Output and Open Whether API.
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Mobile Application Use Case Journey

Fig. 2. Use Case diagram

The use case diagram represents the interactions
between users and the wind turbine energy prediction
system. It outlines how users can input location
details, view energy predictions, and receive weather
forecasts, with roles such as the system and the user
being defined.
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Fig. 2. Sequence diagram
The sequence diagram illustrates the interaction flow
between the user, frontend, backend, weather API, and
energy prediction model to predict energy output based
on weather data. It shows how the system processes
user input, fetches necessary data, and displays the

final prediction.
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Fig. 2. Activity diagram
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The activity diagram depicts the sequence of actions
involved in predicting energy output, from collecting
user input to retrieving weather data, processing the
prediction, and displaying the result. It highlights the
flow of activities within the system and the decision-
making process at each step.

F. Implementation Plan

Phase 1: Research & Analysis Conduct research on
energy prediction models and evaluate existing
systems to identify key features and weather
parameters that affect energy output

Phase 2: Data Collection & Model Development
Gather weather data and energy output from wind
farms, develop machine learning models (RNN and
Random Forest) for predicting energy output.

Phase 3: Testing & Optimization Perform model
validation, test accuracy, and optimize models to
improve prediction accuracy and performance.

Phase 4: Application Development & Deployment,
develop the web app using React Native, integrate the
energy prediction models, and deploy it for pilot
testing in selected locations.

Fig. 2. Deployment diagram
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IV. ALGORITHMS

A Recurrent Neural Network (RNN) is a type of
artificial neural network designed to process
sequential data by considering temporal dependencies.
Unlike traditional feedforward neural networks, RNNs
have a feedback loop that allows them to retain
information from previous time steps, making them
particularly suited for tasks like time series analysis,
natural language processing, and speech recognition.
The core idea behind RNNs is the use of hidden states,
which store contextual information about past inputs.
These hidden states are updated at each time step using
the current input and the previous hidden state.
However, traditional RNNs can suffer from problems
like vanishing or exploding gradients when dealing
with long sequences. To address this, advanced
variants like Long Short-Term Memory (LSTM)
networks and Gated Recurrent Units (GRUs) were
developed, which use gating mechanisms to retain
long-term dependencies more effectively. RNNs are
powerful tools for any application requiring sequential
data analysis, offering a way to learn complex
temporal patterns.

The Random Forest Algorithm is a versatile and robust
ensemble learning method primarily used for
classification and regression tasks. It operates by
constructing a "forest" of decision trees during training
and aggregates their outputs to make predictions. Each
decision tree is trained on a random subset of the data,
and a random subset of features is considered for
splitting nodes. This randomness introduces diversity
among the trees, reducing overfitting and improving
generalization to unseen data. The final prediction in
classification tasks is made by majority voting among
the trees, while in regression, it is the average of the
predictions. Random Forest is highly effective due to
its ability to handle large datasets with high
dimensionality, accommodate missing values, and
provide feature importance metrics. Its non-parametric
nature allows it to capture non-linear relationships in
data, making it a popular choice in applications
ranging from fraud detection to medical diagnosis.

V. FUTURE SCOPE
e Expand to Solar Energy: Extend the system's

capabilities to include the prediction of solar
energy production, combining wind and solar data
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for a comprehensive renewable
forecasting solution.

e Real-time Forecasting: Implement real-time
energy production and weather forecasting
features to enable dynamic decision-making and
better operational efficiency.

e Mobile Application: Develop a user-friendly
mobile app to provide seamless access to energy
predictions and analytics, making the system
more accessible to operators and stakeholders.

e Al Optimization: Integrate advanced Al models,
such as deep learning and hybrid algorithms, to
enhance prediction accuracy and address complex
relationships between environmental factors and
energy output.

e Smart Grid Integration: Connect the system to
smart grids for efficient energy distribution and
load management, facilitating a more sustainable
and balanced power grid.

energy

V1. CONCLUSION

In conclusion, this project successfully leverages
weather data to predict energy output from wind
farms, providing valuable insights into how
environmental factors impact energy production. By
integrating advanced machine learning models and
developing a user-friendly web application, it offers an
efficient solution for forecasting energy generation.
This system can greatly benefit renewable energy
stakeholders by aiding decision-making and
optimizing energy management. Furthermore, the
project's scalability opens opportunities for integration
with other renewable sources and real-time data
analysis, paving the way for smarter, more sustainable
energy solutions in the future.

The scalability of the project is another significant
strength, as it opens avenues for expanding the system
to include predictions for other renewable energy
sources, such as solar energy. This multi-source
integration would create a comprehensive renewable
energy forecasting platform, addressing the diverse
needs of the energy sector.
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